The rapid growth of the Internet and electronic commerce has given rise to electronic supply chain management (e-SCM) which enhances communication, coordination, and collaboration between the trading partners. However, when confronted by the range of e-SCM frameworks, organisations struggle to identify the one most appropriate to their needs. In this paper, we propose a novel fuzzy group multi-criteria method for e-SCM framework evaluation and selection. The contribution of the proposed method is fourfold: (1) it addresses the gaps in the SCM literature on the effective and efficient assessment of the e-SCM frameworks; (2) it is grounded in the excellence model introduced by the European Foundation for Quality Management; (3) it provides a comprehensive and systematic framework that combines real options analysis and the analytic hierarchy process with a group Electre method; and (4) it considers fuzzy logic and fuzzy sets to represent ambiguous, uncertain, or imprecise information. We also present the results of a real-world case study to demonstrate the applicability of the proposed framework and exhibit the efficacy of the procedures and the algorithms. We show that the proposed framework can help a group of decision makers to think systematically by decomposing the alternative evaluation process into manageable steps and integrating the results to arrive at a solution consistent with managerial goals and objectives. The analysis of this case study allows for the articulation of a series of key factors that can be considered important in contributing to the successful implementation of the e-SCM framework. The first element is getting the key people on board. The second factor is building internal alliances. The third key ingredient is the persistent and systematic process put in place to evaluate the e-SCM success.
Introduction
Electronic supply chain management (e-SCM) is an Internet value-added process that covers both the upstream and the downstream business through which a product travels from raw materials to manufacturing and from manufacturing to marketing (Chorafas 2001 ). E-SCM is an emerging strategic trend which is gaining momentum. Cagliano et al. (2005) surveyed 338 manufacturing companies in eight countries in Europe and found that 44.6% of the companies surveyed adopted e-business in their supply chain processes. Although the benefits of e-SCM are numerous and (1) DMs often use verbal expressions and linguistic variables for subjective judgements that lead to ambiguity (Poyhonen et al. 1997) . Furthermore, the subjective assessment process is intrinsically imprecise and may involve two types of judgements: comparative judgement and absolute judgement (Saaty 2006) . (2) DMs often provide imprecise or vague information due to lack of expertise, unavailability of data, or time constraints (Kim and Ahn 1999) . (3) Meaningful and robust aggregation of subjective and objective judgements affects the evaluation process (Valls and Torra 2000) .
A decision may not be appropriately made without fully considering its context and all criteria in an MCDA (Belton and Stewart 2002, Yang and Xu 2002) . Recently, MCDA researchers have focused on models to integrate the intuitive preferences of multiple DMs into structured and analytical frameworks (Bailey et al. 2003 , Costa et al. 2003 , Hsieh et al. 2004 , Tavana 2006 , Liesiö et al. 2007 . MCDA requires the determination of weights that reflect the relative importance of various competing criteria. Several approaches such as point allocation, paired comparisons, trade-off analysis, and regression estimates could be used to specify these weights (Kleindorfer et al. 1993) .
The analytic hierarchy process (AHP)
We use the AHP developed by Saaty (1977) to estimate the importance weight of the criteria. The process is simplified by confining the estimates to a series of pairwise comparisons. The measure of inconsistency provided by the AHP allows for the examination of inconsistent priorities. One of the advantages of the AHP is that it encourages DMs to be consistent in their pairwise comparisons. Saaty (1990a) suggests a measure of consistency for the pairwise comparisons. When the consistency ratio is unacceptable, the DMs become aware that their pairwise comparisons are logically inconsistent, and they are prompted to revise them. The AHP has been a very popular technique for determining weights in MCDA (Vaidya and Kumar 2006 , Ho 2008 , Saaty and Sodenkamp 2008 . Another advantage of the AHP is its capability to value criteria and to scale them discriminately using a procedure that measures the consistency of these scale values (Saaty 1989) . There has, though, been some criticism of the AHP in the operations research literature. Harker and Vargas (1987) show that the AHP does have an axiomatic foundation, the cardinal measurement of preferences is fully represented by the eigenvector method, and the principles of hierarchical decomposition and rank reversal are valid. Conversely, Dyer (1990a) has questioned the theoretical basis underlying the AHP and argues that it can lead to preference reversals rather than the best or preferential outcome. In response, Saaty (1990b) explains how rank reversal is a positive feature when new reference points are introduced. In this study, the geometric aggregation rule is used to avoid the controversies associated with rank reversal (Dyer 1990a , Harker and Vargas 1990 , Saaty 1990b ).
The Electre method
Outranking is an MCDA approach in which actions are systematically compared to one another on each criterion. The comparisons between the actions lead to numerical results that show the concordance and/or the discordance between the actions. Outranking methods usually involve two steps (Roy 1991, Roy and Bouyssou 1993) . First, the actions are compared pairwise in order to build an outranking relation. In the second step, this outranking relation is exploited in order to propose a recommendation to the DM. The most widely used method in this group is Electre (Roy and Bouyssou 1993) . Other similar methods have been proposed by Belacel (2000) , Doumpos and Zopounidis (2004) , and Perny (1998) . Recently, some metaheuristics have been proposed for outranking methods. Belacel et al. (2007) used the reduced variable neighbourhood search metaheuristic to deduce the parameters of a fuzzy multi-criteria classification method, called PROAFTN, from a set of reference examples. Goletsis et al. (2004) used a genetic algorithm for the development of an outranking model in a two-group problem involving ischaemic beat classification. The outranking methods as a special subgroup of MCDA methods are particularly suitable for integral decision-making through the notion of weak preference and incomparability, which better represent the real decision situation (Geldermann et al. 2000) . Vincke (1992) provides an excellent review of the best-known outranking methods; see also Figueira et al. (2004) for state-of-the-art surveys.
An important advantage of the outranking methods (e.g. Electre methods) is their ability to take ordinal scales into account without converting the original scales into abstract ones with an arbitrary imposed range (Martel and Roy 2006) and at the same time maintain the original verbal meaning (see Greco et al. (2001) for an example of a methodology considering purely ordinal scales). A second advantage of the outranking methods is that indifference and preference thresholds can be considered when modelling imperfect knowledge, which is impossible in the previous mentioned methods. The Electre method and its derivatives have played a prominent role in the group of outranking methods. The main objective in Electre is the proper utilisation of the outranking relations. The outranking methods enable the utilisation of incomplete value information and, for example, judgements on ordinal measurement scale (e.g. Rogers and Bruen 1998).
The fuzzy logic
A pitfall of the Electre method is the need for the precise measurement of the performance ratings and criteria weights (Figueira et al. 2005) . However, in many real-world problems, ratings and weights cannot be measured precisely as some DMs may express their judgements using linguistic terms such as low, medium, and high (Zadeh 1975 , Chen 2000 , Tsaur et al. 2002 . The fuzzy set theory is ideally suited for handling this ambiguity encountered in solving Multi-criteria Decision Making (MCDM) problems. Since Zadeh (1965) introduced fuzzy set theory and Bellman and Zadeh (1970) described the decision-making method in fuzzy environments, an increasing number of studies have dealt with uncertain fuzzy problems by applying fuzzy set theory (Yager 1977 , Zimmermann 1991 . According to Zadeh (1975) , it is very difficult for conventional quantification to reasonably express complex situations and it is necessary to use linguistic variables whose values are words or sentences in a natural or artificial language.
The ROA
A review of the current literature offers several technology-based investment evaluation methods that provide frameworks for the quantification of risks and benefits. The net present value, return on investment, cost benefit analysis, information economics, and return on management are among most widely used methods to assess the risks and payoffs associated with technology-based investments. In addition to the above-mentioned traditional quantitative approaches, there is a stream of research studies which emphasises ROA. The ROA differs from the traditional methods in terms of priceability of the underlying investment project (McGrath 1997) . With the traditional methods, the underlying investment project of an option is priced as known (Black and Scholes 1973) , while in technology-based investment situations, the price of an underlying investment is rarely known (McGrath 1997) . The ROA uses three basic types of data: (1) current and possible future investment options, (2) the desired capabilities sought by the organisation, and (3) the relative risks and costs of other technology-based investment options that could be used. The method can help assess the risks associated with technology-based investment decisions by taking into consideration the changing nature of business strategies and organisational requirements.
The real options are commonly valued with the Black-Scholes option pricing formula (Black and Scholes 1973) . When valuating an investment using ROA, it is required to estimate several parameters (i.e. expected payoffs and costs or investment deferral time). However, the estimation of uncertain parameters in this valuation process is often very challenging. Most traditional methods use probability theory in their treatment of uncertainty. Fuzzy logic and fuzzy sets can represent ambiguous, uncertain, or imprecise information in the ROA by formalising inaccuracy in human decision-making (Collan et al. 2009 ). For example, fuzzy sets allow for the graduation of belonging in future cash-flow estimation (i.e. future cash flow at year 5 is about 5000 dollars). Fuzzy set algebra developed by Zadeh (1965) is the formal body of theory that allows the treatment of imprecise estimates in uncertain environments.
In recent years, several researchers have combined fuzzy set theory with ROA. Carlsson and Fullér (2003) introduced a (heuristic) real option rule in a fuzzy setting, where the present values of expected cash flows and expected costs are estimated by trapezoidal fuzzy numbers. Chen et al. (2007) developed a comprehensive but simple methodology to evaluate technology-based investments in a nuclear power station based on fuzzy risk analysis and real option approach. Frode (2007) used the conceptual real option framework of Dixit and Pindyck (1994) to estimate the value of investment opportunities in the Norwegian hydropower industry. Villani (2008) combined two successful theories, namely real options and game theory, to value the investment opportunity and the value of flexibility as a real option while analysing the competition with game theory. Collan et al. (2009) presented a new method for real option valuation using fuzzy numbers. Their method considered the dynamic nature of the profitability assessment, that is, the assessment changes when information changes. As cash flows taking place in the future come closer, information changes, and uncertainty is reduced. Chrysafis and Papadopoulos (2009) presented an application of a new method of constructing fuzzy estimators for the parameters of a given probability distribution function using statistical data. Wang and Hwang (2007) developed a fuzzy research and development portfolio selection model to hedge against the environmental uncertainties. They applied fuzzy set theory to model uncertain and flexible project information. Since traditional project valuation methods often underestimate a risky project, a fuzzy compoundoptions model was used to evaluate the value of each project. Their portfolio selection problem was formulated as a fuzzy zero-one integer programming model that could handle both uncertain and flexible parameters and determine the optimal project portfolio. A new transformation method based on qualitative possibility theory was developed to convert the fuzzy portfolio selection model into a crisp mathematical model from the risk-averse perspective. The transformed model was solved by an optimisation technique.
The excellence model
Our approach combines the Electre method with the fuzzy logic of ROA to create a framework to select the optimal e-SCM framework. We use the EFQM excellence model (2009) depicted in Figure 1 as the framework for measuring the strengths and weaknesses of an organisation and provide a holistic framework that systematically addresses a thorough range of organisational quality issues. The EFQM starts with the premise that customer, people, and society results are achieved through leadership which drives strategy, people, partnerships, and resources leading ultimately to excellence in key performance results.
The EFQM has nine elements separated into 'enablers' and 'results'. The enablers demonstrate the efficiency of the organisation's ability to manage its strategy, staff, resources, and key processes. The enablers are: (1) leadership; (2) people; (3) policy and strategy; (4) partnerships and resources; and (5) processes. The EFQM shows that the organisation's results are the level of satisfaction among the employees and customers, the organisation's impact on the wider community, and key performance indicators. The results are: (6) people results; (7) customer results; (8) society results; and (9) key performance results. Each of the nine criteria is further divided into subcriteria to describe in more detail the concept of 'excellence'. The National Council for Voluntary Organizations (NCVO) suggests that each organisation should develop a modified version of the framework that suits them best (Excellence in View 2009).
Proposed framework
The framework depicted in Figure 2 is proposed to assess the alternative e-SCM frameworks. A description of the mathematical notations and definitions used in the proposed framework is provided in Appendix 1. The framework consists of several phases, processes, and steps.
A common group decision-making activity is evaluating and deciding upon various alternatives (Ngwenyama and Brysona 1999) . Decision-making groups in organisations are often formed as committees to evaluate decision alternatives by collecting and synthesising information from different perspectives. Committee decision-making is an effective way to overcome judgement errors in organisations due to human fallibility (Koh 1994) . Maier (2010) summarises the virtues of committee decision-making as follows: first, if every committee member exerts effort to become informed, committees can gather more information than individual members. Better information can lead to better decisions. Second, if all committee members have the same information, they may not reach the same conclusion since committee members typically have different backgrounds and experiences. Third, if some information is erroneous, a committee can pool signals and reduce uncertainty. Fourth, committees provide an insurance against extreme preferences of individual DMs.
We propose establishing a committee of informed individuals to pool expertise from many domains. In our framework, we refer to this committee as the 'steering committee (SC)'. In addition, several temporary decision bodies are formed throughout the evaluation process to tackle the ad hoc aspects of the problem. These decision bodies comprise the SC members and are referred to as the 'provisional committees (PCs)'. Finally, we form a specialised committee responsible for evaluating the financial aspects of the process referred to as the 'financial committee (FC)'. The key duties and responsibilities of the SC include:
(a) obtaining the support of the top management for the overall evaluation process; (b) overseeing all phases of the evaluation process; (c) identifying and appointing SC members to serve on different PCs throughout the evaluation process; (d) coordinating the activities of the PCs and FC during various phases of the evaluation process; (e) resolving conflicts as they arise; (f) selecting the most preferable decision alternative; (g) developing an action plan for the selected alternative; (h) obtaining the approval of the top management in the adoption and implementation of the action plan.
The fact that the SC members hold different kinds of knowledge and serve on different PCs makes it more likely that all aspects of the decision will come under consideration. Although the committees must be relatively small (three to five members) to be able to reach consensus, the integration of the Electre method in the proposed framework should reduce the difficulties in seeking compromise or consensus among the committee members (Norese 2006) .
Phase 1: the elimination phase
In this phase, we use the fuzzy group Electre method to eliminate the less favourable e-SCM frameworks from the evaluation process. This phase is divided into nine distinct processes. Initially, we establish an SC. Let us assume that the SC members are as follows:
Process 1.1: the establishment of the PCs. In step 1.1, the SC establishes the following q i PCs to determine which frameworks would be eliminated from consideration:
Next, the following voting power weights are assigned to the PC members by the SC:
Several approaches ranging from relatively simple ones, such as point allocation, direct rating, or trade-off analysis, to somewhat more advanced procedures, such as regression estimates, paired comparisons, Delphi, SMART, or SWING methods, could be used to specify the importance weights in MCDA (Kleindorfer et al. 1993 , Salo 1995 . Although weight elicitation has been an area of concern in MCDA for quite some time, there are still no preferred methods (Riabacke et al. 2009) . In this study, we use the AHP to assign a voting power to the members of the PCs. The process, as described in Section 2.1, is simplified by confining the estimates to a series of pairwise comparisons. We aggregate the individual voting power weights into the group weights with the geometric aggregation rule to avoid the controversies associated with rank reversal (Dyer 1990a , Harker and Vargas 1990 , Saaty 1990b .
The fundamental principle that underlies the use of multiple DMs in our framework is that a set of DMs can provide more information than a single DM. As information is shared, it is anticipated that better information leads to better decisions in group decision-making. Nevertheless, the aggregation of individual judgements into a single group judgement is somewhat challenging. The aggregation procedures in the literature are often categorised into mathematical and behavioural approaches, although in practice aggregation might involve some aspects of both. Mathematical aggregation methods are intended to combine individual judgements into a single 'combined' judgement through aggregation methods such as arithmetic or geometric means. In contrast, behavioural aggregation methods attempt to generate agreement among the DMs through interaction. In this study, we use aggregation methods that involve both mathematical and behavioural approaches throughout the evaluation process. For example, face-to-face interaction is used to generate various alternative frameworks, and the geometric aggregation mean is used to combine individual pairwise comparison judgements from AHP into a group judgement.
Process 1.2: the development of the fuzzy individual ordinal rank matrices.
In this process, we develop the fuzzy individual ordinal rank matrices based on each enabler's criterion. This step is divided into the following three steps.
Step 1.2.1: the identification of the enablers' criteria and subcriteria and their relative importance weights. In this step, the SC identifies the following enablers' criteria and subcriteria: x 1 , x 2 , . . . , x m and x 1 (i), x 2 (i), . . . , x m i (i), respectively. Let us assume that the importance weights of the subcriteria are identified as follows:
Again, we use the AHP to estimate these importance weights and the geometric aggregation rule to aggregate them into group weights.
Step 1.2.2: the identification of the e-SCM frameworks. In this step, the SC identifies the alternative e-SCM frameworks. Let us assume that the SC has identified the following n frameworks:
The generation and screening of the alternatives in MCDA require a complete understanding of the problem as well as a great deal of creativity and imagination (Walker 1988) . One very useful strategy is to begin the process by screening out those alternatives that do not appear to warrant further attention (Hobbs and Meier 2000) . Screening allows the DM to concentrate on a smaller set of alternatives. This is especially useful for pairwise comparison-based methods. As the number of the decision alternatives increases, the number of required pairwise comparisons increases exponentially. Many approaches have been adapted for screening alternatives. The most widely used method is Pareto-optimality-based screening, an application of the concept of Pareto optimality (Rios Insua and French 1991) . Outranking methods such as PROMETHEE (Vincke 1992) , linguistic methods such as lexicographic constraints (MacCrimmon 1973), and case-based distance methods (Chen et al. 2008) are also used for screening.
Step 1.2.3: the construction of the individual ordinal rank matrices. With regard to steps 1.2.1 and 1.2.2, each SC member constructs his/her fuzzy individual ordinal rank matrix based on the enabler's criteria as follows:
Process 1.3: the development of the fuzzy individual concordance and discordance sets. For each pair of e-SCM frameworks, k and l(k, l = 1, 2, . . . , n and k = l), the set of subcriteria for each enabler's criterion, J = {j |j = 1, 2, . . . , m}, is divided into two distinct subsets. The concordance set C T h i kl (i) of F k and F l is composed of all subcriteria for which the e-SCM framework F k is preferred to e-SCM framework F l :
Similarly, the discordance set is defined as follows:
Process 1.4: the development of the weighted collective concordance matrices. In this process, we develop the weighted collective concordance matrices. This process is divided into the following two steps:
Step 1.4.1: the construction of the individual concordance matrices. The relative value of the concordance set is measured by means of the concordance index. The concordance index is equal to the sum of the weights associated with those subcriteria which are contained in the concordance set. Therefore, the individual concordance matrix for the ith enabler's criterion is constructed as follows:
where the concordance index c T h kl (i) between the e-SCM framework F k and the e-SCM framework F l is defined as follows:
Step 1.4.2: the determination of the weighted collective concordance matrices. In this step, we determine the weighted collective concordance matrix for the ith enabler's criterion as follows:
where
Process 1.5: the development of the weighted collective discordance matrices. In this process, we develop the weighted collective discordance matrices. This process is divided into the following two steps.
Step 1.5.1: the determination of the individual discordance matrices. The concordance index reflects the relative dominance of an e-SCM framework over a competing e-SCM framework on the basis of the relative weight attached to the successive subcriterion. So far, no attention has been paid to the degree to which the performance of an e-SCM framework, F k , is worse than the performance of the competing e-SCM framework F l . Therefore, a second index, called the discordance index, is determined to capture this information. The individual discordance matrix for the ith enabler's criterion is constructed as follows:
where the discordance index is defined as follows: 
its expected value can be derived as follows:
Step 1.5.2: the determination of the weighted collective discordance matrices. In this step, we determine the weighted collective discordance matrix for the ith enabler's criterion as follows:
Process 1.6: the development of the concordance dominance matrices. In this process, we develop the concordance dominance matrices. These matrices are calculated with the aid of a threshold value for the concordance index. The e-SCM framework F k will only have a chance of dominating e-SCM framework F l , if its corresponding concordance index c T h kl (i) exceeds at least a certain threshold value c(i). Therefore, the concordance dominance matrices are developed based on each enabler's criterion as follows:
Process 1.7: the development of the discordance dominance matrices. In this process, we develop the discordance dominance matrices. These matrices are constructed similar to the concordance 46 F. Zandi et al. matrices on the basis of the threshold value d to the discordance as follows:
where the elements of g kl (i) in the discordance dominance matrix G(i) are calculated as follows:
Process 1.8: the development of the aggregate dominance matrices. In this process, we develop the aggregate dominance matrices by identifying the intersection of the concordance dominance matrix F (i) and discordance dominance matrix G(i). The aggregate dominance matrix E(i) is constructed as follows:
Process 1.9: the elimination of less favourable e-SCM frameworks. In this process, we eliminate the less favourable e-SCM frameworks. The following collective aggregate dominance matrix E gives the partial preference ordering of the e-SCM frameworks:
The condition that the e-SCM framework F k is not dominated is described as follows:
e kl = 1, for at least one l, l = 1, 2, . . . , m, k = l
That is, if e kl = 1, then the e-SCM framework F k is preferred to the e-SCM framework F l for both the concordance and discordance criteria, but the e-SCM framework F k still can be dominated by the other e-SCM frameworks. Consequently, the dominated e-SCM frameworks are identified and eliminated with the fuzzy group Electre method and the non-dominated e-SCM frameworks are moved to Phase 2.
Phase 2: the ranking phase
In order to ensure the successful implementation of an e-SCM framework, we must select and implement the e-SCM framework that adds the most financial value. We consider the nondominated e-SCM framework selection as a strategic investment decision in deferral times and apply the fuzzy real options approach to rank the non-dominated e-SCM frameworks. This phase is divided into the following four processes. Process 2.1: the establishment of the FC. In this process, we establish the FC as follows:
Next, the SC assigns a voting power weight to each member of the FC as follows:
Process 2.2: the development of the individual fuzzy real option matrices. In this process, we develop the individual fuzzy real option matrices for the FC members as follows: 
where:s 1, 2, . . . , n and j = 1, 2, . . . , l) (35)
Process 2.4: the development of the fuzzy real option value matrix for the e-SCM frameworks.
In this process, we develop the fuzzy real option value matrix for the non-dominated e-SCM frameworks. The real option value of the non-dominated e-SCM frameworks at times t 1 , t 2 , . . . , t l can be determined by the following fuzzy real option value matrix:
The e-SCM framework ith cumulative normal probability distributions for d 1 and d 2 are as follows:
where the following trapezoidal fuzzy numbers can be used for the individual fuzzy present values of the expected payoffs and costs of the ith non-dominated e-SCM framework at the time t j by the FC member T h (f ):
Next, we use the approach proposed by Carlsson et al. (2007) to determine the expected value and the variance of the non-dominated e-SCM frameworks as follows:
Phase 3: the selection phase
In this phase, we select the excellent e-SCM framework by considering the rankings obtained in Phase 2 as the coefficients of the objective function in the following mathematical model with regard to a series of applicable e-business and e-SCM constraints:
Subject to:
where f z
n is a given function of the n non-dominated e-SCM frameworks. The optimal solution for Model P is the excellent e-SCM framework at time t j . In the next section, we present a numerical example to demonstrate the applicability of the proposed model and exhibit the efficacy of the procedures and algorithms.
Case study
General Turbines (GT) 1 is a manufacturer of quality wind turbines in Poitiers, France. The company manufactures products which deliver clean renewable energy in a variety of wind conditions and over complex terrains. Company management recognised that there was an urgency to implement a new e-SCM framework as early as possible because of continuous pressure from its customers and suppliers. The proposed framework detailed earlier was used at GT to select an e-SCM framework. To select the e-SCM framework and to participate in the selection process, nine individuals were appointed to the SC by the senior management:
1. capital budgeting manager, 2. e-business process manager, 3. e-customer relations manager, 4. e-marketing manager, 5. e-quality manager, 6. e-supply chain manager, 7. information technology manager, 8. research and development manager, 9. technical support manager.
Phase 1: the elimination phase
In step 1.1, the SC established the following five PCs to determine which frameworks would be eliminated from consideration: (1) : comprised of the e-supply chain manager, e-customer relations manager, and e-marketing manager.
: comprised of the information technology manager, technical support manager, and e-business process manager. T (3)= T 1 (3) , T 2 (3) , T 3 i (3) : comprised of the research and development manager, e-business process manager, and information technology manager. T (4)= T 1 (4) , T 2 (4) , T 3 i (4) , T 4 (4) : comprised of the e-customer relations manager, e-marketing manager, e-business process manager, and e-supply chain manager. T (5)= T 1 (5) , T 2 (5) , T 3 i (5) : comprised of the capital budgeting manager, e-quality manager, and technical support manager.
Next, the SC members individually used Expert Choice software to compute a voting power weight for each PC member on the five PCs. Expert Choice is an AHP-based tool designed for the analysis, synthesis, and validation of complex judgements. The measure of inconsistency provided by AHP and Expert Choice allowed for the examination of inconsistent judgements. The geometric aggregation rule was used to aggregate the individual voting power weights into group voting power weights given below: In step 1.2.1, the SC used the EFQM model described earlier as a blueprint and developed an excellence model for GT as suggested by the NCVO. The GT excellence model included the following five enablers: (1) strategic e-partnerships; (2) critical e-processes; (3) software; (4) people; and (5) infrastructure. Each enabler (criteria) was further broken down into additional subcriteria. Table 1 presents a listing of the criteria and subcriteria identified by the SC. Each subcriterion is also cross-referenced with one or more relevant references in the literature.
In step 1.2.2, the SC selected the following 12 e-SCM frameworks for possible consideration and adaptation:
• Giménez and Lourenço (2008) The SC conducted several sessions to screen out those frameworks that did not appear to warrant further attention. The SC decided to adopt the following strategy to discard frameworks: if all subcriteria could not be used to measure the performance of a framework, that framework would be discarded. Following this rule, the SC developed Table 2 showing the relationships between the 21 subcriteria and the 12 frameworks under consideration. Gosain et al. (2005) As shown in Table 2 , only three frameworks were completely affected by our long list of 21 subcriteria. Nine frameworks were eliminated from further consideration, and the following three frameworks were kept for further consideration:
• Lo et al. (2008) [framework E], • Lu and Wang (2008) Yen et al. (2004) 
Next, the SC members individually computed an importance weight for each subcriterion. The Expert Choice software was used to determine the importance weights. The individual preferences were combined into group preferences given below with the geometric aggregation rule: 0.3, 0.3, 0.25, 0.15) w(2) = (0.2, 0.3, 0.25, 0.25) w(3) = (0.3, 0.2, 0.2, 0.3) w(4) = (0.35, 0.2, 0.15, 0.15, 0.15) w (5) = (0.4, 0.25, 0.2, 0.15) In step 1.2.3, the PC members constructed their fuzzy individual ordinal rank matrices based on each enabler's criterion. Table 3 presents the fuzzy individual ordinal rank matrices for the GT's excellence model subcriteria.
For example, as shown in Figures 3 and 4 , the PC member T 1 (1) assigned the trapezoidal fuzzy numbers (0.5, 1.5, 0.5, 0.5) and (1.5, 2.5, 0.5, 0.5) tor Table 3 , respectively. Giménez and Lourenço (2008) E. Lo et al. (2008) I. Williams et al. (2002) B. Gunasekaran and Ngai (2004a) F. Lu and Wang (2008) J. Wu and Chuang (2009) C. Ke et al. (2009) G. Mukhtar et al. (2009 ) K. Yen et al. (2004 ) D. Keskinocak et al. (2001 H. Nguyen and Harrison (2004) L. Yin et al. (2007) In Process 1.3, Equations (7) and (8) were used to construct the fuzzy individual concordance and discordance sets. For example, as shown in Figure 5 , the comparison of two trapezoidal fuzzy numbersr (1). Therefore, in Process 1.4, based on the criterion of the strategic e-partnerships and the subcriterion of mutual planning and problemsolving efforts, the e-SCM framework K was preferred to e-SCM framework E.
Next, we used Equations (26) and (27) in Process 1.8 to determine the aggregate dominance matrices. Table 4 presents the aggregate dominance matrices for the GT's excellence model subcriteria.
In Process 1.9, we used Equations (28) and (29) to calculate the collective aggregate dominance matrix presented in Table 5 .
As shown in Table 5 , the e-SCM framework F was dominated by frameworks E and K and consequently was eliminated according to the Electre method. However, the preference relations among the non-dominated frameworks were not apparent. In Phase 2, we further analyse frameworks E and K and determine the preference relations among them. (1) applied by T 1 (1) .
Phase 2: the ranking phase
In step 2.1, the FC was instituted as follows:
: comprised of the capital budgeting manager, e-quality manger, and e-supply chain manager. Next, the SC developed the following voting power weights for the three FC members: 0.45, 0.25, 0.35] We then used Equations (31)- (43) to determine the normalised real option values of the nondominated e-SCM frameworks E and K for years 0, 1, and 2. As shown in Table 6 , the e-SCM framework E has the best normalised real option value in year 1.
Phase 3: the selection phase
In Phase 3, we considered additional business constraints and utilised the following mathematical model to select the optimal e-SCM framework based on the rankings obtained in Phase 2:
Max Z f = 0.30z According to the optimal solution obtained from Model P , the SC selected e-SCM framework E for adoption in year 0.
It is hard to say for sure which e-SCM framework is the best, but we can make the selection process more comprehensive and systematic. The fuzzy group AHP-Electre method used at GT was intended to enhance decision-making. The nine SC members were highly educated; six of them held graduate degrees in economics and engineering and three of them held undergraduate degrees in business and engineering. To this end, a more logical and persuasive multi-criteria framework was necessary to gain their confidence and support. Although the SC members were educated and creative, their managerial judgement and intuition were limited by their background and experience. Nevertheless, all nine SC members were experienced managers with 7-22 years of tenure in supply chain and logistics management. Upon completion of the e-SCM selection process, the SC met to discuss the results and finalise its recommendations. The nine SC members unanimously agreed that the proposed framework provided invaluable analysis aids and information processing support. They were convinced that the results were unbiased and consistent with their goals and objectives.
Armed with this feedback, the SC members were confident that they could sell their recommendation to the top management. They developed an action plan and agreed to target various stakeholders and key people in order to gain their support. They were adamant about the importance of gaining support from the stakeholders before going to the top management for their approval. They began building internal alliances by fostering collaboration and avoiding alienation of potential allies. They discussed the tangible and intangible benefits of the selected e-SCM framework with the key people who in turn agreed to support the proposed recommendation. The SC presented its recommendation to the top management who in turn approved the proposed e-SCM framework. The top management also charged the SC with the development of a long-term plan to measure the success of the proposed framework.
Conclusions and future research directions
We recognise that the rapid growth of the Internet and electronic commerce has opened new avenues for companies to distribute goods and collaborate with their suppliers and customers. E-procurement, e-tailing, and e-marketplaces are but a few examples of Internet-abled business applications that have revolutionised certain processes in supply chains and have given rise to e-SCM. Given that pace of change, we have demonstrated a real-world application of a model that will allow for enhanced communication in the supply chain, thereby increasing information flow and creating other efficiencies for the firm. The modelling process used allowed for an integrated Electre approach within the framework of the EFQM, fuzzy logic, ROA, and optimisation techniques. This integrative approach allowed, as well, for the melding of both qualitative and quantitative data in a process that created an opportunity for DMs to make better and more informed decisions regarding the selection of an e-SCM framework. We also demonstrated that our methodology delivers results when ambiguity exists due to realistic assumptions of vagueness in the decision-making process.
The contribution of the proposed method is fourfold: (1) it addresses the gaps in the SCM literature on the effective and efficient assessment of the e-SCM frameworks; (2) it is grounded in the excellence model introduced by the EFQM; (3) it provides a comprehensive and systematic framework that combines ROA with a group Electre method; and (4) it considers fuzzy logic and fuzzy sets to represent ambiguous, uncertain, or imprecise information. We used a real-world case study to demonstrate the applicability of the proposed framework and exhibit the efficacy of the procedures and algorithms. The analysis of this case study allows for the articulation of a series of key factors that can be considered important in contributing to the successful implementation of the e-SCM framework. The first element is getting the key people on board. The second factor is building internal alliances. The third key ingredient is the persistent and systematic process in place to evaluate the e-SCM success.
We stress that our contribution addresses yet a small part of the issues that are involved with e-SCM framework evaluation and selection. It is safe to say that e-SCM assessment as a discipline is in its infancy. Therefore, we hope that the study presented here can inspire others to pursue further research in this area. Only through additional application can refinements in the understanding of how to better the process of making decisions in an uncertain environment occur.
